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Abstract 
This article presents an improved computational fluid dynamics (CFD)-synthesis method to predict dynamic distortion. A 
steady-state flow field is derived from a CFD solution, through which are acquired total pressure, density, turbulence kinetic en-
ergy and others in steady-state at an aerodynamic interface plane (AIP). Back-propagation artificial neural network (BP ANN) is 
used to find out the relationship between the measured flight turbulence and the CFD-computed turbulence parameters. The dy-
namic pressure is obtained by incorporating CFD-found total steady-state pressure with fluctuating pressure. Finally, the dynamic 
distortion is predicted by means of the synthesized dynamic pressure. The fairly good agreement between the computed inlet 
surface pressure and the flight test data bears out the reliability of CFD solution used in this article. To validate the proposed 
method, six sets of flight test data are used and the results show that the predicted dynamic distortion is well in line with the dis-
tortion displayed in flight tests. An examination of the traditional method is also accomplished and the comparison also shows 
that the proposed method is superior to the traditional one in higher consistency with flight test data. 
Keywords: computational fluid dynamics; dynamic pressure synthesis; turbulence correlation; back-propagation artificial neural 
network; dynamic distortion 
1. Introduction1 
High-performance combat aircraft requires high 
aero- dynamic compatibility between the inlet and the 
engine, which makes it necessary to deeply understand 
the level of inlet distortion at the possibly earliest stage 
of design. However, it is too expensive to cast light on 
the inlet distortion through wind-tunnel or flight tests. 
As a result, the distortion synthesis method[1-9] has been 
widely researched between the 1970’s and 1980’s be-
cause it is thought to be able to reduce costs to some 
extent. Its precondition lies in the possibility of making 
the dynamic total pressure pt as a sum of two compo-
nentsüthe steady-state pressure pt,ss and the fluctuating 
pressure pt,i. where the mean of fluctuating compo-
nent is nil under the assumption that the time-variant 
pressure data  distribute in a random, stationary and 
normal manner[1-9]. Measured root mean square (RMS) 
of fluctuating pressure, a random number generator 
with a normal distribution and a zero mean are com-
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bined to form a synthesized fluctuating pressure com-
ponent. Measured steady-state pressure plus synthe-
sized fluctuating pressure component forms dynamic 
total pressure. And then a distortion intensity descriptor 
is applied to seek maximum dynamic distortion. Using 
random number process coupled with the statistical 
inlet pressure properties is the core of this method. But 
measuring total measured steady-state pressure is ab-
solutely necessary. So a large number of tests should 
still be performed to obtain total steady-state pressures. 
In the 1990’s, a computational fluid dynamics 
(CFD)-synthesis method[10-12] was used to predict dy-
namic distortion. In virtue of CFD, only RMS pressure 
data are needed through fewer tests with steady-state 
pressures obtained from CFD results rather than from 
testing. Turbulence on each probe can be derived from 
a correlation with the least square method. Procedure 
of dynamic pressure synthesis is the same as distor-
tion synthesis method. The method used in Refs.[10]- 
[12] is linear; and the correlation is actually highly 
nonlinear between CFD-computed parameters and 
measured RMS turbulence. 
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2. Description of Proposed Method 
Fig.1 illustrates the procedure of CFD-synthesis 
method. In this article, an improved CFD-synthesis 
method is used to predict dynamic distortions. Back-
propagation artificial neural network (BP ANN) is in-
troduced to achieve the highly nonlinear correlation. 
Six sets of flight test data are employed to validate this 
improved method as shown in Table 1, where Cases 1-3 
are for sample cases and Cases 4-6 for test cases. 
Table 1 Flight conditions for CFD analysis 
Case Ma  /() 
1 0.49 10.0  
2 0.98  2.0  
3 1.20  3.0  
4 0.35 19.7  
5 0.50 19.5  
6 0.84  8.0  
The proposed method is meant to obtain the peak 
dynamic distortions in advance of costly wind-tunnel/ 
flight testing, which consists of four elements: CFD 
prediction, turbulence correlation, dynamic pressure 
synthesis and distortion prediction.  
 
Fig.1  Procedure of CFD-synthesis method. 
2.1. CFD prediction 
Obtained from sufficiently accurate CFD solutions, 
the inputs required by the turbulence correlation pro-
cedure include steady-state total pressure, density, ve-
locity, turbulence kinetic energy and sonic speed, which 
all contribute to the turbulence. 
2.2. Turbulence correlation 
A correlation is established between CFD results and 
experimental turbulence data acquired from wind-tun-
nel or flight testing. There are two methods to set up 
the correlation: one is the least square method in 
Refs.[10]-[12], the other is the BP ANN introduced by 
this article as a main improvement of the traditional 
CFD-synthesis method. A more detailed discussion of 
BP ANN used in turbulence correlation and a compari-
son between the two methods will be presented below. 
2.3. Dynamic pressure synthesis 
As mentioned in Ref.[1] and Refs.[10]-[12], the fun-
damental preconditions set for this method are that 
fluctuating pressure components can be constructed and 
added to the steady-state total pressures to form dy-
namic pressures. Fluctuating pressure components are 
assumed to be random, stationary and distributed in a 
normal manner. A random number generator with zero 
mean and normal distribution is used to synthesize 
fluctuating pressures for each probe. Each “scan” of the 
synthesized time history for any single probe is defined 
in terms of pressure recovery as follows: 
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where (pt/pto)ss is the steady-state recovery of probe, 
(pt,RMS/pt) the RMS turbulence of probe, v a random 
number and i the ith synthesized scan.  
Synthesized dynamic pressures are not related to 
each other at time trace. Actually, probes in close 
proximity to each other are related to a certain de-
gree[10]. Therefore, synthesized dynamic pressures 
should be low-pass filtered with the same cut-off fre-
quency of flight data, which helps to impart a degree of 
similarity between the statistical properties of the 
synthesized and flight data. 
2.4. Distortion prediction 
After finishing the dynamic pressure synthesis, dis-
tortion descriptor will be used to predict the peak dy-
namic distortion. In this article, IDCmax descriptor is 
used and the definition will be introduced later. 
3. CFD Simulation 
3.1. Test model 
The configured inlet in this article is of an external 
compression and three overhead ramps design. The first 
ramp is fixed, the second removable and the third 
slaved. The full-scale test model contains an airframe 
and a boundary layer diverter (see Fig.2). On the face 
rake of engine, six legs and five rings and arranged and 
distributed according to the equal area principle. There 
are totally 30 dynamic-state and 30 steady-state pres-
sure probes situated side by side.  
 
Fig.2  Inlet model with airframe and boundary layer diverter. 
3.2. Boundary condition 
All solid surfaces are considered viscous and the en-
tire flow is fully turbulent. Free-stream pressure is as-
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sumed at the external outflow boundary located ap-
proximately 3.5 times the inlet length downstream. As 
setting the boundary condition at the exit of the inlet is 
a matter of the most difficulty, in this article, a constant 
static pressure is supposed at the exit based on the 
pressure acquired from the flight tests. In order to re-
duce the influence of the exit, inlet is extended outward 
by an amount of about 0.2 times the inlet length. Fig.3 
shows the whole computational domain. 
 
Fig.3  Whole computational domain. 
3.3. Numerical simulation method 
Numerical simulation method is applied with the aid 
of commercial software Fluent. A coupled implicit 
steady solver is selected and the discretization form of 
flow equation is second order upwind. The Courant 
number begins with the value of 0.1 and gradually in-
creases as computation proceeds. 
Since the turbulent kinetic energy  is needed for 
prediction of the dynamic distortion, a two-equation 
shear stress transport (SST) turbulence model[13] is em-
ployed, which has been found very robust and stable 
under a variety of flow conditions. This model solves 
equations for  and the specific dissipation rate  in the 
inner region of the boundary layer, and gradually 
changes to the high Reynolds number - model away 
from the wall, thus achieving a highly accurate and 
credible simulation in a wider range. 
Unstructured grids inclusive of tetrahedrons and 
prisms are used. Prism grids are employed in inlet do-
main, and tetrahedron ones in outer flow domain. Fig.4 
shows symmetrical plane grids. Grids on the wall are 
 
Fig.4  Symmetrical plane grids. 
dense and then gradually become sparse as they shift to 
the far-field. 
3.4. CFD results 
The accuracy of computing CFD-predicted surface 
static pressure is ensured by comparing it to the flight 
test data. There are five pressure probes situated along 
the inlet surface (see Fig.5). Surface static pressure is 
presented in terms of pressure coefficients defined by 
p
p pC
q



                (2) 
where p is the free-stream static pressure and q the 
free-stream dynamic pressure. Fig.6 illustrates the 
comparison between the computed pressure coeffi-
cients and those from flight tests in the Cases 1-3. The 
CFD-simulated pressure coefficients well accord with 
 
Fig.5  Distribution of surface pressure probes. 
 
         (a) Case 1 
 
      (b) Case 2 
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     (c) Case 3 
Fig.6  Surface static pressure coefficients for Cases 1-3. 
those from the flight tests. At Probe 1, the pressure is 
the lowest point. Inlet is a diffuser, so from Probe 1 to 
Probe 4, pressure increases. At Probe 5, the pressure has 
a slight decrease. Because from Probe 4 to Probe 5, the 
bottom of surface has a slight convergence, pressure at 
this point decreases and synchronously the velocity 
increases. 
In Fig.7, the total simulated pressure recoveries at 
the aerodynamic interface plane (AIP) are compared 
with the measured values from flight tests. Simulated 
results are averages of data taken from the 30 AIP 
probes. The errors are 0.11%, 1.20% and 1.17%, 
respectively for the Cases 1-3. The results attest to the 
accuracy of the CFD method. 
 
Fig.7  Total pressure recoveries for Cases 1-3. 
4. Improvement of Turbulence Correlation 
The main improvement that this article has made is 
to use BP ANN in turbulence correlation instead of the 
least square method. 
Turbulence at AIP is defined by 
2
t, t,ss
1t,ss
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which is derived from RMS of fluctuating pressure 
from flight tests. As for how to correlate the turbulence 
with the CFD-computed parameters, it should be solved 
on the basis of velocity fluctuating and total pressure 
fluctuating caused by turbulence. Velocity fluctuation is 
represented by turbulence kinetic energy and total 
pressure fluctuation by turbulence. Therefore, it is rea-
sonable to find a correlation between turbulence and . 
Total steady-state pressure pt, density , velocity u, 
turbulence kinetic energy  and sonic speed a are all 
contributors to fluctuations, so the following expression 
holds true[12]: Turb = f (u, a, , , pt). This is a highly 
nonlinear equation, which cannot be settled in a com-
mon way. Consequently, the BP ANN[14] has to be re-
sorted to find the turbulence correlation. 
Thanks to its self-studying, self-organizing, and ef-
fectiveness of dealing with nonlinear problems, artifi-
cial neural network (ANN) has found broad application 
in modeling, prediction and others in complicated 
nonlinear systems. BP ANN is the most widely used 
one. It includes input layer, hidden layer and output 
layer. Each cell of the network is called a neuron. The 
function of the neuron is to sum up inputs and to send 
them depending on the activation function. In the input 
layer, neurons do no calculation, but pass the inputs to 
the hidden layer, where each input neuron is connected 
to every neuron by means of multiplicative weights. 
The hidden layer neuron sums up the weighted inputs 
and then applies an activation function to the summed 
value to produce an output, which is to be sent out of 
the network by the output layer. 
The process of training BP ANN is as follows: as 
data are input into the network, an output is calculated. 
Then an error calculated between the network output 
and the correct output is propagated back through the 
network by using a technique called error back propa-
gation, upon the result of which the connecting weights 
are changed slightly. This process repeats for every 
input-output pair until the average RMS error of the 
output lies below an enough small specified value [14-15].  
In this article, the inputs into the ANN are pt, , , u 
and a. The target output is the measured turbulence. 
Thus, the input layer is comprised of five neurons and 
the output layer a single neuron. The number of neu-
rons in the hidden layer is found firstly by estimation 
with experimental expressions and then adjusted based 
on the training results to acquire a suitable value. A set 
of ninety available data is used to “teach” the ANN and 
then the correlation between the CFD-computed pa-
rameters and the measured turbulence is obtained. 
The procedure of using the BP ANN in the method 
begins with finding a CFD solution for a number of 
conditions, under which flight or wind-tunnel tests are 
conducted. From the CFD solution, pt, , , u, a at each 
AIP probe position is acquired. As experimental turbu-
lence at each probe position has been given, then pt, , 
, u and a are inputs and experimental turbulence is an 
output; BP ANN will be trained by these values. Finally, 
appropriate weighted and threshold values are obtained. 
Then the net could predict correlated turbulence for 
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different cases as long as they have CFD solutions. 
Fig.8 shows the correlated turbulence of the sample 
Cases 1-3 and test Cases 4-6. The abscissa is measured 
flight turbulence and the ordinate is the correlated tur-
bulence. A majority of the correlated turbulence has 
fairly good agreement with measured flight turbulence. 
Although some correlated turbulence is a little far from 
measured flight turbulence, the results can be accepted. 
If the sample cases increase with more extreme condi-
tions considered, the accuracy will be increased and the 
errors reduced. Fig.9 shows the correlated turbulence in 
sample and test cases by the least square method[10-12]. 
The correlated turbulence in Cases 4-5 are distinctly far 
from the measured flight turbulence. Fig.10 makes a 
comparison among the average turbulences from flight 
measurements, BP ANN and the least square method. 
For sample Cases 1-3, the results from BP ANN and 
least square method make little difference—they both 
agree with the flight measured turbulences. However, 
in test Cases 4-6, apart from the results from BP ANN 
that well accord with those from the flight measure-
ments, the results in Cases 4-5 with the least square 
method are obviously distinct from flight measure-
ments. The accuracy of correlated turbulence will exert 
influences on the final predicted distortion. 
 
Fig.8  Turbulence correlation results with BP ANN. 
 
Fig.9  Turbulence correlation results with least square 
method. 
 
Fig.10  Comparison of average turbulences. 
5. Results of Distortion Prediction 
IDCmax descriptor is used for depicting both steady- 
state and dynamic distortions. The descriptor is defined 
by 
 
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The above definitions mean the descriptor is very 
sensitive to single probes. This article uses IDCmax to 
predict distortions. 
5.1. Steady-state distortion 
The accuracy of the steady-state distortion is the 
premise of the precise prediction of dynamic distortion. 
Fig.11 presents steady-state distortions for Cases 1-6, 
where the errors are 4.26%, 2.62%, 0.49%, 9.20%, 
1.39% and 4.97%, respectively. Moreover, it can be 
seen that the results from CFD are in good agreement 
with the data from flight tests. 
 
Fig.11  Steady-state distortion. 
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5.2. Prediction of peak dynamic distortion for sample 
cases 
Fig.12 examines the two turbulence correlation 
methods by comparing the peak dynamic distortions 
from flight tests and from predictions for sample Cases 
1-3. It shows the errors made by BP ANN method are 
6.2%, 6.7% and 11.5% while those by the least square 
method 20.9%, 10.8% and 1.7% respectively. Gener-
ally speaking, the peak dynamic distortions predicted 
by using both methods are fairly well consistent with 
the data from flight tests; in particular, the BP ANN 
method yields slightly more conforming results than 
the least square method. This justifies the application of 
the improved method in sample cases. Because the 
turbulence correlation is performed on the basis of 
sample Cases 1-3, the results reasonably agree with the 
data from flight measurements. It is doubtful whether 
the improved method is effective for other cases unless 
through verification by test cases. 
 
Fig.12  Peak dynamic distortion for sample cases. 
5.3. Prediction of peak dynamic distortion for test cases 
In practices, there often appear cases need to be pre-
dicted but without foreknowledge of the wind-tunnel or 
flight test results because dynamic distortions are ex-
pected before costly tests have been run. In this respect, 
this proposed method stands us in good stead.  
In the ensuing part, the accuracy of the method will 
be examined by making an analysis of the test Cases 
4-6 without inkling of flight test data, which will be 
used to assess accuracy after the prediction has been 
completed. 
The BP ANN trained by the sample Cases 1-3 is 
adopted to predict turbulences for test Cases 4-6 and 
the results are shown in Fig.8 and Fig.10. Then, CFD- 
computed steady-state total pressure and correlated 
turbulence—all the three are used to synthesize the 
dynamic pressures. Besides, IDCmax descriptor is used 
to predict peak dynamic distortions. 
Fig.13 compares the predicted peak dynamic distor-
tions to those from flight tests. It evidences the confor-
mity of the results from BP ANN method to those from 
flight tests; and the errors account to 10.7%, 10.9% 
and 8.9% respectively for test Cases 4-6. 
 
Fig.13  Peak dynamic distortion for test cases. 
The predicted results from the least square method 
are presented in Fig.13, which displays large differ-
ences between them and the data from flight tests, be-
cause they are all well below the predicted with errors 
of 55.6% 48.8% and 7.6% respectively for the test 
Cases 4-6. Obviously, the errors are larger than those 
caused by BP ANN method for Cases 4-5.  
Now it is concluded that the improved method could 
be applied to prediction of dynamic distortions prior to 
wind-tunnel or flight tests and, generally, the predicted 
dynamic circumferential distortions are more consistent 
with the data from flight tests than those predicted with 
the least square method. 
6. Summary 
An improved CFD-synthesis method is put forward 
to predict dynamic distortions. It includes: ķ obtaining 
a CFD steady-state prediction of the inlet, ĸ establish-
ing a correlation between computed data and turbulences 
from flight tests through BP ANN, Ĺ synthesizing 
steady-state total pressure from CFD, correlated turbu-
lence with a random number generator with zero mean 
and normal distribution, and ĺemploying a distortion 
descriptor to predict dynamic distortions.  
An accurate CFD prediction is critically important 
for the vitality of the method. Comparison of surface 
pressures between the computed and the flight meas-
ured attests to a fairly good agreement, which validates 
the accuracy of the CFD solution. Comparison of dy-
namic distortions between the predicted and the flight 
measured also shows a good agreement. Therefore, the 
improved CFD-synthesis method can be used to predict 
dynamic distortions before flight tests. 
The least square method is also examined and the 
results are compared with those produced with BP 
ANN method as well as flight test data. Comparison 
shows that the results with BP ANN method accord 
more with the flight test data than those with least 
square method. 
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Some defects are found in the simulation. First, as-
sumptions for simplicity are made on the inlet geometry. 
For instance, as the second and third ramps have thou-
sands of holes that could hardly be simulated, they have 
to be supposed porous. In addition, the angles of ramps 
are considered motionless in all conditions. Second, the 
exit boundary condition is thought to be the most fatal 
flaw in the CFD simulation. The assumption that the 
static pressure is constant also could hardly reflect the 
effects of engine, such as swirling and/or pumping. 
Improvement of the CFD simulation might undoub- 
tedly result in more accurate predictions of the flow 
field thereby ameliorating prediction of dynamic dis-
tortions.  
It is hoped to continue in-depth study on the BP 
ANN. And suitable number of neurons in the hidden 
layer needs more training and more attempts. Selection 
of sample cases will exert influences upon the accu-
racy of the net. Expanding the sample cases used in 
turbulence correlation would popularize the ANN to a 
variety of situations. 
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